Image segmentation plays an important role in multimodality imaging, especially in fusion structural images offered by CT, MRI with functional images collected by optical technologies or other novel imaging technologies. Plus, image segmentation also provides detailed structure description for quantitative visualization of treating light distribution in the human body when incorporated with 3D light transport simulation method. Here we used image enhancement, operators, and morphometry methods to extract the accurate contours of different tissues such as skull, cerebrospinal fluid (CSF), grey matter (GM) and white matter (WM) on 5 fMRI head image datasets. Then we utilized convolutional neural network to realize automatic segmentation of images in a deep learning way. We also introduced parallel computing. Such approaches greatly reduced the processing time compared to manual and semi-automatic segmentation and is of great importance in improving speed and accuracy as more and more samples being learned. Our results can be used as a criteria when diagnosing diseases such as cerebral atrophy, which is caused by pathological changes in gray matter or white matter. We demonstrated the great potential of such image processing and deep leaning combined automatic tissue image segmentation in personalized medicine, especially in monitoring, and treatments.
INTRODUCTION
Nuclear magnetic resonance imaging is a clear and high resolution for brain tissue imaging [1] . It is a common method for clinical examination of brain diseases. The human brain structure is complex, usually divided into gray matter, white matter and cerebrospinal fluid( Fig.1(a) ) [2] . These tissues play a key role in memory, cognition, awareness, language. Cerebral atrophy/expansion [3 4] and Leukodystrophy [5] are serious brain dysfunction diseases with higher and higher incidence in elderly people and infants [6] . However, crucial tissues such as cerebrospinal fluid, grey matter and white matter are hard to differentiate because their boundaries are blurry, especially the cross sections that are not at the center of the brain, as shown in fig. 1 . As a result, it is hard for doctors to analyze them separately and find the location of the disease. With the popularization of image aided medical diagnosis, computer aided doctors can improve the efficiency of segmentation of gray matter and white matter of brain MRI. In MR imaging, different signal intensities and weighted images (T1 weighted and T2 weighted) can make the image display different gray levels. Since T1 brain magnetic image shows that the soft tissue is better [7] , the experiment selects the brain magnetic resonance T1 weighted image as the experimental sample.
Great progress has been made in the MRI segmentation field. MICCAI is a conference held every year focusing on Medical Image Computing and Computer-Assisted Intervention. Zhang et al. presented a 2D patch-wise CNN approach to segment tissues from multimodal MR images of infants [8] . A N*N size picture block is extracted from a given image, and the model is trained with these blocks, and then label is given to the correct identification class. In order to improve the performance of block training framework, multi scale CNN using a variety of ways, each way of using different size patch. The output of these approaches is combined with a neural network, and the model is trained to give the correct label. Yang et al. [9] used a deep active learning framework to reduce annotation effort. It was combined with fully convolutional network and active learning. Luo at al. [16] modals to for and the extra CNN input ra 
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